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This paper introdues a new methodology for onstruting a network of ompanies alled a dy-
nami asset graph. This is similar to the dynami asset tree studied reently, as both are based on
orrelations between asset returns. However, the new modied methodology does not, in general,
lead to a tree but a graph, or several graphs that need not be inter-onneted. The asset tree, due
to the minimum spanning tree riterion, is fored to aept edge lengths that are far less optimal
(longer) than the asset graph, thus resulting in higher overall length for the tree. The same riterion
also auses asset trees to be more fragile in struture when measured by the single-step survival
ratio. Over longer time periods, in the beginning the asset graph deays more slowly than the asset
tree, but in the long-run the situation is reversed. The vertex degree distributions indiate that the
possible sale free behavior of the asset graph is not as evident as it is in the ase of the asset tree.
I. INTRODUCTION
Mantegna suggested studying the lustering of om-
panies using the orrelation matrix of asset returns [1℄.
The orrelations are transformed into distanes, a sub-
set of whih is seleted using the minimum spanning tree
(MST) riterion. In the resulting tree, the distanes are
the edges used to onnet the nodes, or ompanies, and
thus a taxonomy of the nanial market is formed. This
method was later studied by Bonanno et al. [2℄, while
other studies on lustering in the nanial market are
[3, 4, 5, 6, 7℄, and those speially on market rashes
[8, 9℄.
Reently, we have studied the properties of a set of
asset trees reated using the methodology introdued by
Mantegna in [10, 11, 12℄, and applied it in the rash on-
text in [13℄. In these studies, the obtained multitude of
trees was interpreted as a sequene of evolutionary steps
of a single `dynami asset tree', and dierent measures
were used to haraterize the system, whih were found
to reet the state of the market. The eonomi mean-
ingfulness of the emerging lustering was also disussed
and the dynami asset trees were found to have a strong
onnetion to portfolio optimization.
In this paper, we introdue a modied methodology
whih, in general, does not not lead to a tree but a graph,
or possibly even several graphs that do not need to be
inter-onneted. Here we limit ourselves to studying only
one type of 'dynami asset graph', whih in terms of its
size is ompatible and thus omparable with the dynami
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asset tree. Although in graph theory a tree is dened as
a type of graph, the terms asset graph and asset tree are
used here to refer to the two dierent approahes and as
onepts are mutually exlusive and noninterhangeable.
The aims of this paper are to introdue this modied
approah and to demonstrate some of its similarities and
dierenes with the previous approah. Further onsider-
ations of topology and taxonomy of the nanial market
obtained using dynami asset graphs are to be presented
later.
II. CONSTRUCTING GRAPHS AND TREES
In this paper, the term nanial market refers to a set
of asset prie data ommerially available from the Cen-
ter for Researh in Seurity Pries (CRSP) of the Univer-
sity of Chiago Graduate Shool of Business. Here we will
study the split-adjusted daily losure pries for a total of
N = 477 stoks traded at the New York Stok Exhange
(NYSE) over the period of 20 years, from 02-Jan-1980 to
31-De-1999. This amounts a total of 5056 prie quotes
per stok, indexed by time variable τ = 1, 2, . . . , 5056.
For analysis and smoothing purposes, the data is divided
time-wise into M windows t = 1, 2, ..., M of width T ,
where T orresponds to the number of daily returns in-
luded in the window. Several onseutive windows over-
lap with eah other, the extent of whih is ditated by
the window step length parameter δT , whih desribes
the displaement of the window and is also measured in
trading days. The hoie of window width is a trade-o
between too noisy and too smoothed data for small and
large window widths, respetively. The results presented
in this paper were alulated from monthly stepped four-
2year windows, i.e. δT = 250/12 ≈ 21 days and T = 1000
days. We have explored a large sale of dierent val-
ues for both parameters, and the ited values were found
optimal [10℄. With these hoies, the overall number of
windows is M = 195.
In order to investigate orrelations between stoks we
rst denote the losure prie of stok i at time τ by Pi(τ)
(Note that τ refers to a date, not a time window). We
fous our attention to the logarithmi return of stok
i, given by ri(τ) = lnPi(τ) − lnPi(τ − 1) whih for a
sequene of onseutive trading days, i.e. those enom-
passing the given window t, form the return vetor rti.
In order to haraterize the synhronous time evolution
of assets, we use the equal time orrelation oeients
between assets i and j dened as
ρtij =
〈rtir
t
j〉 − 〈r
t
i〉〈r
t
j〉√
[〈rti
2
〉 − 〈rti〉
2][〈rtj
2
〉 − 〈rtj〉
2]
, (1)
where 〈...〉 indiates a time average over the onseu-
tive trading days inluded in the return vetors. Due to
Cauhy-Shwarz inequality, these orrelation oeients
fulll the ondition −1 ≤ ρij ≤ 1 and form an N×N or-
relation matrix C
t
, whih serves as the basis for graphs
and trees disussed in this paper.
For the purpose of onstruting asset graphs and as-
set trees, we dene a distane between a pair of stoks.
This distane is assoiated with the edge onneting the
stoks and it is expeted to reet the level at whih the
stoks are orrelated. We use a simple non-linear trans-
formation dtij =
√
2(1− ρtij) to obtain distanes with the
property 2 ≥ dij ≥ 0, forming an N ×N symmetri dis-
tane matrix D
t
. Now two alternative approahes may
be adopted. The rst one leads to asset trees, and the
seond one to asset graphs. In both approahes the trees
(or graphs) for dierent time windows are not indepen-
dent of eah other, but form a series through time. Con-
sequently, this multitude of trees or graphs is interpreted
as a sequene of evolutionary steps of a single dynami
asset tree or dynami asset graph.
In the rst approah we onstrut an asset tree aord-
ing to the methodology by Mantegna [1℄. This approah
requires an additional hypothesis about the topology of
the metri spae, namely, the so-alled ultrametriity hy-
pothesis. In pratie, it leads to determining the mini-
mum spanning tree (MST) of the distanes, denoted T
t
.
The spanning tree is a simply onneted ayli (no y-
les) graph that onnets all N nodes (stoks) with N−1
edges suh that the sum of all edge weights,
∑
dt
ij
∈Tt
dtij ,
is minimum. We refer to the minimum spanning tree at
time t by the notation Tt = (V,Et), where V is a set
of verties and Et is a orresponding set of unordered
pairs of verties, or edges. Sine the spanning tree ri-
terion requires all N nodes to be always present, the set
of verties V is time independent, whih is why the time
supersript has been dropped from notation. The set of
edges Et, however, does depend on time, as it is expeted
that edge lengths in the matrix D
t
evolve over time, and
thus dierent edges get seleted in the tree at dierent
times.
In the seond approah we onstrut asset graphs. This
onsists of extrating the N(N − 1)/2 distint distane
elements from the upper (or lower) triangular part of the
distane matrix D
t
, and obtaining a sequene of edges
dt1, d
t
2, . . . , d
t
N(N−1)/2, where we have used a single index
notation. The edges are then sorted in an asending order
and form an ordered sequene dt(1), d
t
(2), . . . , d
t
(N(N−1)/2).
Sine we require the graph to be representative of the
market, it is natural to build the graph by inluding
only the strongest onnetions in it. The number of
edges to inlude is, of ourse, arbitrary. Here we in-
lude only N − 1 shortest edges in the graph, thus giv-
ing V t = {dt(1), d
t
(2), . . . , d
t
(N−1)}. This is motivated by
the fat that the asset tree also onsists of N − 1 edges,
and this hoie renders the two methodologies ompara-
ble, and possibly even similar to one another. The pre-
sented mehanism for onstruting graphs denes them
uniquely and, onsequently, no additional hypotheses
about graph topology are required. It is important to
note that both the set of verties V t and the set of edges
Et are time dependent, and thus we denote the graph
with G
t = (V t, Et). The hoie to inlude only the
N − 1 shortest edges in the graph means that the size
of the graph, dened as the number of its edges, is xed
at N−1. However, the order of the graph, dened as the
number of its verties, is not xed for the graph but varies
as a funtion of time. This is due to the fat that even a
small set of verties may be strongly inter-onneted, and
thus may use up many of the available edges. This may
also lead to the formation of loops in the graph. These as-
pets are learly dierent from the tree approah, where
the order is always xed at N and no loops are allowed
by denition.
III. MARKET CHARACTERIZATION
We start omparisons between the two approahes by
visually examining edge length distribution plots. The
three plots are the distribution of (i) distane elements
dtij ontained in the distane matrix D
t
(Figure 1), (ii)
distane elements dij ontained in the asset (minimum
spanning) tree T
t
(Figure 2), and (iii) distane elements
dij ontained in the asset graph G
t
(Figure 3). In all
three plots, but most prominently in Figure 1, there ap-
pears to be a disontinuity in the distribution between
roughly 1986 and 1990. It seems that part has been ut
out, pushed to the left and made atter. This anomaly
is a manifestation of Blak Monday (Otober 19, 1987),
and its length along the time axis is related to the hoie
of window width T [12, 13℄.
We an now reonsider the tree and graph onstrution
mehanism desribed earlier. Starting from the distribu-
tion of theN(N−1)/2 distane matrix elements in Figure
3Figure 1: Distribution of all N(N − 1)/2 distane elements
dij ontained in the distane matrix D
t
as a funtion of time.
Figure 2: Distribution of the (N − 1) distane elements dij
ontained in the asset (minimum spanning) tree T
t
as a fun-
tion of time.
1, for the asset tree we pik the shortest N − 1 of them,
subjet to the onstraint that all verties are spanned by
the hosen edges. For the purpose of building the graph,
however, this onstraint is dropped and we pik the short-
est elements from the distribution in Figure 1. Therefore,
the distribution of graph edges in Figure 3 is simply the
left tail of the distribution of distane elements in Figure
1, and it seems that the asset graph rarely ontains edges
longer than about 1.1, and the largest distane element
is dmax = 1.1375. In ontrast, in the distribution of tree
edges in Figure 2 most edges inluded in the tree seem
to ome from the area to the right of the value 1.1, and
the largest distane element is now dmax = 1.3549.
Instead of using the edge length distributions as suh,
we an haraterize the market by studying the loation
(mean) of the edge length distribution by dening a sim-
Figure 3: Distribution of the (N − 1) distane elements dij
ontained in the asset graph G
t
as a funtion of time.
ple measure, the mean distane, as
d¯(t) =
1
N(N − 1)/2
∑
dt
ij
∈Dt
dtij , (2)
where t denotes the time at whih the tree is onstruted,
and the denominator is the number of distint elements
in the matrix. We mention in passing that one ould
instead use the mean orrelation oeient, dened as
ρ¯(t) =
1
N(N − 1)/2
∑
ρt
ij
∈Ct
ρtij , (3)
whih would lead to the same onlusions, as the mean
distane and mean orrelation oeient are mirror im-
ages of one another and, onsequently, it sues to ex-
amine either one of them. In a similar manner, we an
haraterize the asset tree and the asset graph, whih are
both simplied networks representing the market, but
use only N − 1 distane elements dtij out of the available
N(N − 1)/2 in the distane matrix Dt. We dene the
normalized tree length for the asset tree as
L
mst
(t) =
1
N − 1
∑
dt
ij
∈Tt
dtij , (4)
and the normalized graph length for the asset graph as
L
graph
(t) =
1
N − 1
∑
dt
ij
∈Gt
dtij , (5)
where t again denotes the time at whih the tree or graph
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Figure 4: (a) Mean distane oeient averaged over all
distane elements. (b) Normalized tree length average over
the edges inluded in the tree using the MST riterion. ()
Normalized graph length averaged over the edges inluded in
the graph by inluding the shortest edges in the graph.
is onstruted, and N −1 is the number of edges present.
The three measures are depited in Figure 4. Three ob-
servations are made. First, all three behave very sim-
ilarly, whih is also reeted by their level of mutual
orrelation. Pearson's linear and Spearman's rank-order
orrelation oeients between the mean distane and
normalized tree length are 0.98 and 0.92, respetively.
The same measures between the mean distane and the
normalized graph length are 0.96 and 0.87. Thus, the
normalized tree length seems to trak the market slightly
better. Seond, the measures derease in moving from
the mean distane, via the normalized tree length, to the
normalized graph length, and their averages are 1.29, 1.12
and 1.00, respetively. Also, the normalized tree length
is always higher than the the normalized graph length,
and the dierene is 0.13 on average. It seems that the
asset tee, due to the minimum spanning tree riterion, is
fored to aept edge lengths that are far less optimal
(longer) than the asset graph, resulting in a higher av-
erage value for the normalized tree length than for the
normalized graph length. Third, the normalized graph
length tends to exaggerate the depression aused by the
rash, whih an be traed bak to the graph onstru-
tion mehanism. Although all of the above measures are
very simple, we have earlier studied the normalized tree
length and found it to be desriptive of the overall market
state. It is losely related to market diversiation po-
tential, i.e. the sope of the market to eliminate spei
risk of the minimum risk Markowitz portfolio [10, 11℄.
The fat that the normalized distane and normalized
tree length behave so similarly suggests that they are, at
least to some extent, interhangeable measures.
Based on how the asset graphs and trees are on-
struted, the edge length distributions in Figures 2 and
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Figure 5: Overlap of edges in the asset graph G
t
and the asset
tree T
t
as a funtion of time.
3, and the normalized graph and tree length plots in
Figure 4, it is evident that they onsist of dierent
edges and, onsequently, have dierent topologies. We
an learn about the overall topologial dierenes be-
tween the asset graph G
t = (V tG, E
t
G) and the asset tree
T
t = (VT , E
t
T ) by studying the overlap of edges present
in both as a funtion of time. The relative overlap is
given by the quantity
1
N−1 |E
t
G ∩ E
t
T | where ∩ is the in-
tersetion operator and |...| gives the number of elements
in the set. As an be see from the plot in Figure 5, the
quantity is quite stable over time. On average, the asset
graph and asset tree seem to share some 25% of edges.
It is also of interest to study how this overlap of edges
hanges in the proess of determining the asset graph
and tree. Assume we use Kruskal's algorithm to obtain
the minimum spanning tree when onstruting the asset
tree. We would rst arrange the edges in nondereas-
ing order by their length as a list, and selet the short-
est unexamined edge for inlusion in the tree, with the
ondition that it does not form a yle. If it does, we
disard it, and move on to the next unexamined edge on
the list. Exept for the onstraint on yles, the algo-
rithm is idential to the way asset graphs are generated.
If we denote the size of graph in onstrution by n, where
n = 1, 2, . . . , N − 1, then at least for small values of n
asset graphs and asset trees should ontain the same set
of edges, i.e., E(n)tG = E(n)
t
T and, therefore, be idential
in topology. It is expeted that, starting from some value
of n = nc, the above equality no longer holds. This indi-
ates the formation of the rst yle and, onsequently,
for all n ≥ nc the asset graph and tree are topologially
dierent. This is demonstrated in Figure 6, where the
relative overlap of edges,
1
N−1 |E
t
G ∩ E
t
T |, has been plot-
ted as a funtion of normalized number of edges,
n
N−1 ,
and the quantity has been averaged over time. The fun-
tion dereases rapidly for small values of
n
N−1 , indiating
that for the urrent set of data with N = 477, only a few
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Figure 6: Overlap of edges in the asset graph G
t
and the asset
tree T
t
as a funtion of normalized number of edges, average
of the time dimension.
edges an be added before the rst yle is formed.
IV. EVOLUTION OF ASSET GRAPHS AND
TREES
The robustness of asset graph and asset tree topology
an be studied through the onept of single-step survival
ratio, dened as the fration of edges found ommon in
two onseutive graphs or trees at times t and t− 1 as
σ(t) =
1
N − 1
|Et ∩Et−1|. (6)
As before, Et refers to the set of edges of the graph or
the tree at time t, ∩ is the intersetion operator and |...|
gives the number of elements in the set. Although it
has not been expliitly indiated in the denition, σ(t) is
dependent on the two parameters, namely, the window
width T and the step length δT . Figure 7 shows the plots
of single-step survival for both the graph (upper urve)
and the tree (lower urve) for δT = 250/12 ≈ 21 days
and T = 1000 days.
The most evident observation is that the graph seems
to have a higher survival ratio than the tree. For the
graph, on average, some 94.8% of onnetions survive,
whereas the orresponding number for the tree is about
82.6%. In addition, the utuation of the single-step
survival ratio, as measured by its standard deviation, is
smaller for the graph at 5.3% than for the tree at 6.2%. In
general, both urves utuate together, meaning that the
market events ausing rewiring in the graph also ause
re-wirings in the tree. This is very lear in the two sud-
den dips in both urves, whih result from the re-wirings
related to Blak Monday [13℄. Although both urves fall
drastially, the one for the asset graph falls less, indiat-
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Figure 7: Single-step survival ratios σ(t) as funtions of time.
The thiker (upper) urve is for the graph and the thinner
(lower) for the tree. The dashed lines indiate the orrespond-
ing average values.
T=500 T=1000 T=1500
mean σ(t) tree 72.3% 82.6% 86.9%
graph 90.1% 94.8% 96.0%
std σ(t) tree 7.5% 6.2% 5.4%
graph 6.3% 5.3% 4.5%
Table I: Mean and standard deviation of the single-step sur-
vival ratio σ(t) for the asset graph and the asset tree for dif-
ferent values of window width T .
ing that the graph is more stable than the tree also un-
der extreme irumstanes, suh as market rashes. The
higher survival ratio for the asset graph is not aused by
any partiular hoie of parameters, but is reprodued for
all examined parametri values. Some indiation of the
sensitivity of the single-step survival ratio on the window
width parameter is given in Table I. The fat that asset
graphs are more stable than asset trees is related to their
onstrution mehanism. The spanning tree onstraint
pratially never allows hoosing the shortest available
edges for the tree and, onsequently, the ensuing stru-
ture is more fragile. A short edge between a pair of stoks
orresponds to a very high orrelation between their re-
turns. This may result from the ompanies having devel-
oped a ooperative relationship, suh as a joint venture,
or then may be simply inidental. In the rst ase the
reated bond between the two stoks is likely to be longer
lasting than if the MST riterion fored us to inlude a
weaker bond between two ompanies.
We an expand the onept of single-step survival ratio
to over survival over several onseutive time steps δT .
Whereas the single-step survival ratio was used to study
short-term survival, or robustness, of graphs and trees,
the multi-step survival ratio is used to study their long-
6term survival. It is dened as
σ(t, k) =
1
N − 1
|Et ∩Et−1 · · ·Et−k+1 ∩Et−k|, (7)
where only those onnetions that have persisted for the
whole time period of length kδT without any interrup-
tions are taken into aount. Aording to this for-
mula, when a bond between two verties breaks even one
within k steps and then reappears, it is not ounted as a
survived onnetion. A losely related onept is that of
graph or tree half-life t1/2, dened as the time in whih
half the number of initial onnetions have deayed, i.e.,
σ(t, t1/2) = 0.5. The multi-step survival ratio is plotted
in Figure 8, where the half-life threshold is indiated by
the dashed horizontal line.
The time axis an be divided into two regions based
on the nature of the deay proess, and these regions
are loated somewhat dierently for the graph and the
tree. The preise loations of the regions are, of ourse,
subjet to speulation, but for the purpose arrying out
ts and analysis they need to be xed. For the asset
graph the rst and seond regions, disretized aording
to δT = 112 year as mentioned before, are dened on the
intervals (12 , 4) and (4
1
12 , 16
1
6 ), respetively, both given in
years. Within the rst region, the graph exhibits lean
exponential deay, as witnessed by the tted straight line
on lin-log sale in the inset of Figure 8. Somewhere in
between the two regions there is a ross-over to power-
law behavior, whih is evident within the seond region,
resulting in a straight line on the log-log sale plot of the
same gure. For the asset tree the regions are dened on
( 112 , 1
1
2 ) and (1
7
12 , 11
1
4 ). Within the rst region the asset
tree deays faster than exponentially, as an be veried
by omparison with the straight line deay of the graph in
the inset. Similarly to the tree, there is a ross-over to a
power-law, although the slope is faster than for the graph.
If we write the power law deay as 〈σ(t, k)〉t ∼ k
−γ
, the
ts yield for the asset graph γ ≈ 1.39, whereas for the
asset tree we have γ ≈ 1.19.
The nding onerning the slower deay of the asset
graph within the rst region is fully ompatible with the
results obtained with single-step survival ratio. Sine the
graph shows higher survival ratio over a single-step, it is
to be expeted that, at least in the early time horizon
(within the rst region), graphs should deay more slowly
than trees. The half-lives for both the graph and the tree
our within the rst region, and thus it is not surpris-
ing that graph half-life is muh longer than tree half-life.
For the graph, we obtained t1/2 ≈ 1.71 years, and for the
tree t1/2 ≈ 0.47. Although the half-lives depend on the
value of window width T , the dierenes between them
persists for dierent parametri values. When measured
in years, for window widths of T = 2, T = 4 and T = 6,
the orresponding half-lives for the asset tree are 0.22,
0.47 and 0.75 years, whereas for the asset graph they are
0.88, 1.71 and 2.51 years, respetively. Interestingly, the
situation seems to be reversed within the seond region,
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Figure 8: Multi-step survival ratio σ(t, k) for asset graph and
tree as a funtion of survival time k, averaged over the time
domain t.
where both deay as power-law. Here the higher expo-
nent of γ for the asset graph indiates that it atually
deays faster than the asset tree. This nding ould, of
ourse, be inuened by our hoie of the window width
T . Explorations with that parameter revealed another
interesting phenomenon. Whereas the slope for the asset
tree seems to be independent of window width, as dis-
ussed in [12℄, that of asset graphs is not. For T = 500,
T = 1000 and T = 1500 we obtained for the asset tree
the exponents γ = 1.15, γ = 1.19 and γ = 1.17, respe-
tively, whih, within the error bars, are to be onsidered
equal [12℄. For the asset graph, we obtain the values of
γ = 2.07, γ = 1.39 and γ = 1.55. Although no lear
trend an be deteted in these values, a matter that alls
for further exploration, it is lear that the value of γ is
higher for the asset graph than for the asset tree. There-
fore, the asset graph deays more slowly than the asset
tree within the rst region, while within the seond re-
gion the situation is just the opposite.
V. DISTRIBUTION OF VERTEX DEGREES IN
ASSET GRAPHS AND ASSET TREES
As the asset graph and asset tree are representative
of the nanial market, studying their struture an en-
hane our understanding of the market itself. Reently
Vandewalle et al. [14℄ found sale free behavior for the
asset tree in a limited time window. They proposed the
distribution of the vertex degrees f(k) to follow a power
law of the following form
f(k) ∼ k−α, (8)
with the exponent α ≈ 2.2. Later, we studied this phe-
nomenon further with a fous on asset tree dynamis
7[12℄. We found that the asset tree exhibits, most of the
time, sale free properties with a rather robust exponent
α ≈ 2.1± 0.1 during times of normal stok market oper-
ation. In addition, within the error limits, the exponent
was found to be onstant over time. However, during
rash periods when the asset tree topology is drastially
aeted, the exponent hanges to α ≈ 1.8± 0.1, but nev-
ertheless the asset tree maintains its sale free harater.
The interesting question is whether asset graphs also dis-
play similar sale free behavior and if so, are there are
dierenes in the value of the exponent. As Figures 9
and 10 make lear, for the observed data does not t
as well with sale free behavior for the asset graph as it
does for the asset tree. The obtained average value for
the exponent of the asset graph is signiantly lower, i.e.
α ≈ 0.9 ± 0.1. In addition, the exponent for the aseet
graph varies less as a funtion of time and does not show
distintively dierent behavior between normal and rash
markets.
In the ase of the asset tree, there were sometimes
lear outliers, as one node typially had a onsiderably
higher vertex degree than the power-law saling would
predit. This outlier was used as a entral node, a refer-
ene against whih some tree properties were measured.
However, the fat that one node often had too high ver-
tex degree provided further support for using one of the
nodes as the enter of the tree, as disussed in detail in
[12℄. In the dynami asset graph, these types of outliers
are not present. This observation merely reets upon
the dierenes between the topologies produed by the
two dierent methodologies but does not, as suh, rule
out the possibility of using one of the nodes as a entral
node [15℄.
In [12℄, we estimated the overall goodness of power-law
ts by alulating the R2 oeient of determination, a
measure whih indiates the fration of the total variation
explained by the least-squares regression line. Averaged
over all the time windows, we obtained the values R2 ≈
0.93 and R2 ≈ 0.86, with and without outliers exluded,
respetively. Sine there were no outliers in the data for
asset graphs, it was used as suh to give an average of
R2 ≈ 0.75. This indiates that sale free behavior is not
evident in this ase.
VI. SUMMARY AND CONCLUSION
In summary, we have introdued the onept of dy-
nami asset graph and ompared some of its properties
to the dynami asset tree, whih we have studied re-
ently. Comparisons between edge length distributions
reveal that the asset tree, due to the minimum spanning
tree riterion, is fored to aept edge lengths that are
far less optimal (longer) than the asset graph. This re-
sults in a higher average value for the normalized tree
length than for the normalized graph length although, in
general, they behave very similarly. However, the latter
tends to exaggerate market anomalies and, onsequently,
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Figure 9: Typial plots of vertex degree distributions for
normal (left) and rash topology (right) for the asset tree.
The exponents and goodness of t for them are are α ≈ 2.15,
R2 ≈ 0.96 and α ≈ 1.75, R2 ≈ 0.92.
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Figure 10: Typial plots of vertex degree distributions for the
asset graph. The exponents and goodness of t for them are
α ≈ 0.93, R2 ≈ 0.74 and α ≈ 0.96, R2 ≈ 0.74, respetively.
the normalized tree length seems to trak the market
better. The asset graph was also found to exhibit learly
higher single-step survival ratio than the asset tree. This
is understandable, as the spanning tree riterion does
not allow the shortest onnetions, whih were onje-
tured to have the longest lives, to be inluded in the tree
and, thus, their omission leads to a more fragile stru-
ture. This is also witnessed by studying the multi-step
survival ratio, where it was found that in the early time
horizon the asset graph shows exponential deay, but the
asset tree deays faster than exponential. Later on, how-
ever, both deay as a power-law, but here the situation
is reversed and the asset tree deays more slowly than
the asset graph. We also studied the vertex degree dis-
tributions produed by the two alternative approahes.
Earlier we have found asset trees to exhibit lear sale
free behavior, but for the asset graph sale free behav-
ior is not so evident. Further, the values obtained for
the saling exponent are very dierent from our earlier
studies with asset trees.
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